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Abstract

Long-Form text generation is critical for appli-
cations ranging from creative writing to tech-
nical documentation, yet large language mod-
els (LLMs) struggle to maintain structural in-
tegrity and logical coherence over extended
outputs. Existing linear generation paradigms
inadequately capture cyclic semantic depen-
dencies, in which subsequent content retroac-
tively constrains preceding segments. To ad-
dress this, we propose CycleGen, a frame-
work that reformulates long-form text gener-
ation as a graph-based cyclic synthesis pro-
cess. CycleGen comprises: (1) a data engine
that constructs dependency graphs, applies a
MinFAS-inspired algorithm to resolve logical
cycles, and encodes backward constraints via
closed-loop correction; and (2) a progressive
alignment strategy that decouples optimization
objectives through multi-stage training with
Graph-Critical IPO, DPO, and SimPO. We fur-
ther introduce CycleBench for evaluating long-
range cyclic reasoning capabilities. Experi-
ments on WritingBench, LongGenBench, and
CycleBench demonstrate that CycleGen out-
performs similarly sized models and achieves
performance rivaling significantly larger mod-
els. We have released our code and CycleBench
at the anonymous repository: CycleGen Repo.

1 Introduction

Recent years have witnessed significant advances
in long-context understanding, with modern LLMs
capable of processing contexts up to 1M tokens (Su
et al., 2024). However, long-form text genera-
tion presents distinct challenges that remain inad-
equately addressed (Liu et al., 2024; Anil et al.,
2022). In practical applications, users often impose
multi-dimensional constraints such as prescribed
length, structural outlines, and stylistic consistency.
Existing models struggle to maintain logical co-
herence and structural integrity over extended out-
puts (Guan et al., 2021). As shown in Figure 1
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Figure 1: Comparison between unidirectional linear
generation and CycleGen’s refinement-based cyclic gen-
eration. (Left) Traditional models fail to anticipate
backward constraints, leading to logical inconsisten-
cies. (Right) CycleGen models cyclic dependencies and
uses refinement to achieve a global logical closed loop
and successful payoff of foreshadowing.

(Left), traditional linear generation is constrained
by unidirectionality and cannot anticipate back-
ward constraints from future content, which often
leads to abrupt logical inconsistencies. As genera-
tion length increases, models exhibit severe degra-
dation, manifesting as contradictions, discourse
breaks, and catastrophic forgetting (Bai et al., 2024;
Becker et al., 2024). These issues stem largely
from the inability to model cyclic semantic depen-
dencies, where subsequent content retroactively
constrains preceding segments. For instance, in
a mystery novel, a revelation in Chapter B must
align with foreshadowing in Chapter A, forming
bidirectional dependencies that linear generation
cannot adequately capture.

Prior work has explored this bottleneck from dif-
ferent perspectives. LongWriter (Bai et al., 2024)
attributes the problem primarily to distributional
bias in supervised fine-tuning data, where the vast
majority of training samples are shorter than 2k
tokens, preventing models from acquiring long-
range generation behaviors. To address generation
quality, approaches such as CogWriter (Wan et al.,
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2025) and StoryWriter (Xia et al., 2025) adopt plan-
then-write paradigms, decomposing long-form text
generation into hierarchical sub-tasks via explicit
outlines. However, these methods remain funda-
mentally grounded in linear generation topologies
and fail to capture cyclic semantic dependencies.

Bridging the gap between current model capabil-
ities and high-quality long-form text generation re-
quires addressing three core challenges: (1) Model-
ing cyclic semantic dependencies. Human writing
involves non-linear semantic planning with back-
tracking, where future content retroactively con-
strains earlier passages. Existing paradigms must
forcibly linearize such cyclic structures into left-
to-right sequences, systematically discarding back-
ward constraints that are essential for maintaining
global coherence. (2) Internalizing explicit plan-
ning into implicit generation. Explicit reasoning
methods like Chain-of-Thought (Wei et al., 2022)
and Tree-of-Thought (Yao et al., 2023) exhibit lim-
ited stability in ultra-long contexts. The key chal-
lenge is whether models can internalize the explicit
process of planning-backtracking-revision into im-
plicit parameter-space capabilities, enabling natural
satisfaction of long-range constraints within a sin-
gle forward pass. (3) Balancing multiple optimiza-
tion objectives. Long-Form text generation requires
simultaneously satisfying length control, logical
consistency, and narrative quality. Naive end-to-
end reinforcement learning often drives models
toward single-dimension extrema, such as maxi-
mizing length through redundancy at the expense
of overall quality.

To address these challenges, we propose Cy-
cleGen, a framework that reformulates long-form
text generation as a graph-based cyclic synthesis
process.As illustrated in Figure 1 (Right), by ex-
plicitly modeling cyclic dependencies, CycleGen
employs a refinement mechanism to retroactively
revise earlier content based on constraints revealed
later, thereby achieving a global logical closed loop
with successful payoff of foreshadowing. Cycle-
Gen consists of two core components: (1) Data En-
gine. We construct directed dependency graphs that
explicitly allow cycles to represent inter-chapter re-
lationships. We formulate the decycling process
as a Minimum Feedback Arc Set (MinFAS) prob-
lem and apply a greedy approximation algorithm to
selectively remove cyclic edges while converting
the graph into a directed acyclic graph (DAG). For
tasks with complex narrative logic, we introduce
a Loop-Aware Refinement mechanism that rein-

corporates removed cyclic edges via bidirectional
rewriting, repairing logical breaks and ensuring
global self-consistency. For hierarchical tasks like
analytical reports, the framework naturally degener-
ates into efficient linear generation. (2) Progressive
Alignment Strategy. To tackle the challenges of
controllable long-form text generation, we design a
multi-phase training pipeline. We first inject long-
form writing capabilities via supervised fine-tuning.
We then apply a three-stage progressive reinforce-
ment learning scheme (Graph-Critical IPO, DPO,
and SimPO) that gradually transitions from basic
length control to complex joint structure-logic con-
straints, internalizing graph-planning capabilities
into one-pass generation and mitigating error accu-
mulation from multi-objective optimization.

Our main contributions are summarized as fol-
lows:

* We propose CycleGen, a graph-based frame-
work that models cyclic semantic dependen-
cies via MinFAS decoupling and loop aware
refinement, overcoming the limitations of lin-
ear generation paradigms.

We design a progressive multi-stage align-
ment strategy that decouples optimization ob-
jectives for logical coherence, length control,
and narrative quality, distilling explicit graph-
planning into one-pass generation capabilities.

We introduce CycleBench, a benchmark for
evaluating long-range cyclic reasoning. Ex-
periments show that CycleGen outperforms
similarly sized models on WritingBench,
LongGenBench, and CycleBench, achieving
performance rivaling significantly larger mod-
els.

2 Related Work

2.1 Long-Form Text Generation Bottlenecks

Despite recent progress in scaling context windows
to millions of tokens, LLLMs continue to struggle
with long-form text generation. LongWriter (Bai
et al., 2024) identifies the core bottleneck as dis-
tributional bias in supervised fine-tuning data: the
scarcity of ultra-long training samples (with the
majority under 2K tokens) prevents models from
acquiring semantic consistency and structural con-
trol across extended outputs. While architectural
innovations like RoPE (Su et al., 2024), FlashAt-
tention (Dao et al., 2022), and Mamba (Gu and



Dao, 2024) enable efficient processing of long con-
texts, they do not directly address generation qual-
ity. Building on this data bottleneck hypothesis,
we synthesize high-quality long-form training data
with explicit cyclic dependencies to better support
generation capabilities.

2.2 Controllable Text Generation

Controllable text generation (CTG) aims to pro-
duce text satisfying specific attributes such as
length, sentiment, or structure. Existing approaches
include learning-free methods like FreeCtrl (Feng
et al., 2024), which adjusts FFN weights to control
keywords, and prompt-based methods like Plan-
and-Write (Akinfaderin et al., 2025) for length con-
trol. MARKERGEN (Yuan et al., 2025) adopts
plug-and-play strategies with external tools, while
LDPE (Butcher et al., 2025) injects positional in-
formation to internalize length constraints. While
effective for short texts or specific tasks, these meth-
ods remain limited for long-form text generation:
learning-free approaches focus on surface-level
constraints and cannot control complex narrative
structures, while prompt-based methods rely on
linear planning and fail to model cyclic dependen-
cies such as foreshadowing and payoff. In contrast,
CycleGen internalizes controllability by construct-
ing training data with explicit non-linear logical
dependencies and applying progressive alignment,
thereby enabling joint control over length and deep
logical consistency.

2.3 Planning-Based Long-Form Text
Generation

To address logical discontinuities in long-form text
generation, the plan-then-generate paradigm has
emerged as an alternative to pure autoregressive de-
coding. Early hierarchical methods like Re3 (Yang
et al., 2022) and DOC (Yang et al., 2023) pro-
duce high-level outlines followed by expansion,
while recent agent-based approaches like Story-
Writer (Xia et al., 2025) and SuperWriter (Wu
et al., 2025a) employ multi-agent collaboration and
Monte Carlo Tree Search to simulate human writ-
ing cycles. Despite improving local coherence,
these methods remain constrained by linear or tree-
structured topologies that assume unidirectional
information flow and cannot model bidirectional
dependencies, such as plot twists retroactively con-
straining earlier descriptions. CycleGen addresses
this by modeling plans as directed graphs that ex-
plicitly permit cycles and applying Loop-Aware

Refinement to handle non-linear logical revisions,
achieving global self-consistency.

3 Problem Formulation

3.1 Problem Definition

We formulate the task of long-form text generation
as follows: given instruction /, generate an ordered
sequence of /N semantic blocks (e.g., chapters or
key events).
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with total length L >> 10k tokens. Standard LLMs
model this via autoregressive decomposition.

N
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This assumes each block S; depends only on histor-
ical context S—;. While this assumption works well
for short texts, it fails in long-form narratives with
complex non-local dependencies. Purely forward
generation then produces outputs that are locally
coherent but globally inconsistent.

3.2 Cyclic Semantic Dependencies

To characterize dependencies in long-form text,
we distinguish two types of relationships between
semantic blocks S; and S (7 < j):

* Forward Causal Dependency: P(S; | S;) #
P(S;). This follows temporal order, where
preceding conditions determine subsequent
outcomes (e.g., “obtaining a key” enables
“opening a chest”). Autoregressive models
naturally capture such dependencies.

Backward Teleological Constraint: P(.S; |
S;) # P(S;). This reflects authorial intent,
where a desired ending S; retroactively con-
strains earlier content S;. For instance, if \S;
introduces an unexpected twist, earlier blocks
must include appropriate foreshadowing to
maintain consistency.

During autoregressive generation of S;, future
blocks S; remain unobserved, acting as latent vari-
ables. The model cannot evaluate P(.S; | S, S<;)
and must rely on P(S; | S<;). This invisibility of
future information limits global planning: without
backward constraints, early decisions risk logical
conflicts with future developments, causing narra-
tive inconsistency.



Phase I: Cycle Graph Data Engine N\
e —C)
Instruction Y o Cycleinfo B
& Outline Gp“,,;x 1
5O
/ ©) ( =
e :
Graph Construction Refine £
(Embedding + LLM) © . 3 [ g
©
Loop Decoupling DAG Batch Generation é
(MinFAS) 0) —_— g
Ovo“o Sort | j@»j@&@i Boaft | £
NN 0.0 2
h J 0 H W H P H - H W H
- Y

Figure 2: Workflow of the CycleGen data engine (Phase
I), illustrating cycle decoupling for linear generation
and cycle recovery via bi-directional refinement.

4 Methodology

To address the structural mismatch between linear
autoregressive generation and cyclic logical depen-
dencies in long-form text, CycleGen introduces a
graph-based closed-loop data engine in Phase 1.
The engine explicitly models cross-section depen-
dencies and emulates the human writing workflow
of planning, drafting, and revision through cycle
decoupling and recovery.

4.1 Phase I: Cycle Graph Data Engine

As shown in Figure 2, Phase I aims to construct
high-quality training data by explicitly manipulat-
ing graph structures to resolve logical consistency
issues in long texts. This process involves three
steps: graph construction, cycle decoupling, and
bi-directional refinement.

Semantic Dependency Graph Construction and
Decoupling. Given an instruction and an out-
line O = {v1,...,vn}, we first construct a di-
rected weighted graph G to model the logical
dependencies between sections. To balance effi-
ciency and accuracy, we adopt a hybrid "retrieval-
reasoning" strategy: we first compute the pairwise
cosine similarities s;; between nodes using a pre-
trained embedding model (In our experiment, we
employ Qwen3-Embedding-4B) to filter candidates
(sij > 0.4); LLM then infers the causal direction
between nodes. (e.g., from "foreshadowing" to
"revelation").

Since autoregressive generation requires a topo-
logical order, we must convert the cyclic graph
G into a DAG. We model this as the Minimum
Weight Feedback Arc Set problem, identifying and
removing the minimal edge set E.,; by weight:

st. G = (V,E\ E')isaDAG. (3)

The resulting Gp A, after removing E.,;, estab-
lishes the topological order for section generation,
enabling the model to parallelly generate an initial
draft V4, based on summaries of predecessors
and optional RAG retrieval.

Bi-Directional Refinement and Data Synthesis.
The initial draft )4, inevitably contains logi-
cal discontinuities due to the removal of strong
dependency edges (E.u ). As depicted on the
right side of Figure 2, we exploit the cyclic in-
formation in the original graph G to perform bi-
directional refinement. For each removed depen-
dency (v; — v;) € Ecys, we jointly input the drafts
y; and y; into the refinement model. The model
restores logical coherence by either amending y;
(e.g., adding a missing prerequisite) or revising y;
(e.g., adjusting a subsequent development), ulti-
mately generating a logically self-consistent text
Yrefined- This process not only produces high-
quality text but also naturally constructs the prefer-
ence data pairs (Vye fined, Vraw) for the subsequent
alignment stage.

4.2 Phase II: Progressive Alignment Strategy

Long-Form text generation involves multiple, con-
flicting objectives: micro-level logical consistency,
macro-level length compliance, and overall narra-
tive quality. Directly training on synthesized data
is often insufficient to resolve these multi-objective
conflicts. Naive end-to-end optimization may con-
verge to suboptimal trade-offs, such as satisfying
length constraints at the expense of coherence via
redundant content.

To address this, CycleGen adopts a progressive
alignment strategy, decomposing alignment into
staged objectives that distill explicit planning and
revision behaviors into the model’s implicit gener-
ation capability. As shown in Figure 3, this staged
pipeline sequentially addresses different constraint
dimensions.

Stage 0: Supervised Fine-Tuning (SFT). We
first perform supervised fine-tuning on high-quality
corpora D,y synthesized by the data engine, en-
abling the model to adapt to long-context attention
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Stage 1: Graph-Critical IPO for Logical Con-
sistency. This stage targets long-range logical de-
pendencies using preference pairs (y,, y;), Where
Y 18 refined via loop-aware correction and y; is the
original linear draft. A primary challenge is Gra-
dient Dilution. Since y,, and y; often share over
90% token overlap, direct sequence-level likeli-
hood comparison risks drowning critical correction
signals in gradients from unchanged tokens. We
therefore propose Graph-Critical IPO. Using graph
structure to localize difference regions, we define a
masked log-probability:

T
)= Zwt -log Pp(ytly<t, ), (5)
=1

log g (y|x

where w; = 1 for tokens in critical difference
regions and their neighborhoods, and w; = A
otherwise (A = 0.1 in practice). This localized
weighting focuses optimization on logical bifurca-
tion points. We adopt the IPO objective (Ghesh-
laghi Azar et al., 2024):
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encouraging the model to internalize explicit revi-
sion behavior as implicit logical intuition.

Stage 2: DPO for Strict Length Compliance.
Having established logical coherence, Stage 2 en-
forces strict adherence to a target length Lyqgey-
Preference data Dy, are constructed based on
specific length criteria: y,, must satisfy |y,| €
[0.9L¢arget, 1.2L1arget|, While y; falls outside this
range (|yl’ < 0~9Lta7”get or |yl| > 1-2Lta’r‘get)- We
apply standard DPO loss over full sequences, en-
abling the model to control length via pacing rather
than truncation or padding. Formally, we adopt the
standard DPO objective (Rafailov et al., 2023):
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Stage 3: SimPO for Structure—Quality Joint Op-
timization. The final stage addresses the trade-
off between length and overall generation qual-
ity. Since summed log-probabilities introduce
length bias favoring longer outputs, we adopt
SimPO (Meng et al., 2024) with length normal-
ization and a target margin -y:
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This formulation encourages higher average gen-
eration quality per token, producing texts that are
both long and structurally well-formed.

Through these progressive stages, CycleGen dis-
entangles multi-dimensional constraints, resulting
in a one-pass long-from text generator that simulta-
neously achieves logical closure, strict length ad-
herence, and high narrative quality.

5 Experiments

We evaluate the proposed CycleGen through var-
ious experiments to demonstrate its effectiveness.
Before presenting the experimental results, we first
describe the experimental setup.

5.1 Experimental Setup

Model Configurations. We evaluate two set-
tings: CycleGen-8B, built on Qwen3-8B and
trained with 21k samples synthesized by our Phase
I Data Engine, and CycleGen-Agent-32B, using
Qwen3-32B as the backbone with our cycle graph
construction and bi-directional refinement mecha-
nisms.

Training Details. All experiments are conducted
on 8 x NVIDIA H200 GPUs (141GB each). For
SFT, we set batch size to 16 (with gradient accu-
mulation), learning rate to 1 X 10~*, and train for 3
epochs. The SFT training set size is 15k generated
by CycleGen, with a test set of 1k and a validation
set of 1k. The RL preference dataset size is 6k. For
RL alignment, we use learning rate 1 x 10~ for 2
epochs.

Benchmarks and Metrics. We adopt three
benchmarks to comprehensively assess different
aspects of long-form text generation.

* WritingBench (Wu et al., 2025c¢) evaluates
writing quality across 6 domains (Academic
& Engineering, Finance & Business, Politics
& Law, Literature & Art, Education, Advertis-
ing & Marketing) and 3 requirements (Style,
Format, Length) using a critic model on a
1-10 scale. This benchmark focuses on lit-
erary expressiveness, logical coherence, and
instruction adherence in one-shot generation
scenarios.

* LongGenBench (Wu et al., 2025b) tests agent
planning capabilities through extremely long
generation tasks (up to 16k tokens) under
strict structural constraints. It measures five
metrics: Completion Rate (whether all sub-
tasks are completed sequentially), and instruc-
tion adherence across single-shot (Acc. Once),
range-based (Acc. Range), and periodic (Acc.
Periodic) constraints, with Average Accuracy
(Avg. Acc.) summarizing overall perfor-
mance.

CycleBench is our proposed benchmark con-
sisting of 100 long-form writing tasks (50
Chinese, 50 English), each involving 2—4
cyclic logical dependencies. Unlike existing
benchmarks, CycleBench specifically evalu-
ates whether models can resolve circular con-
straints where future content retroactively con-
strains earlier passages, assessing both global
planning ability and logical self-consistency.
We evaluate model performance using metrics
such as Pass Rate, Score thresholds (Score
> 6, Score > 8), Length Satisfaction Rate
(LS), and Length Deviation (LD).

5.2 Main Results

Results on WritingBench. We evaluate one-shot
generation performance on WritingBench, Table 1
shows the results. CycleGen-8B achieves an av-
erage score of 7.57, substantially outperforming
similar-scale baselines including LongWriter-7B,
Qwen-2.5-7B-filtered, and Qwen3-8B. Notably,
CycleGen-8B even surpasses the larger Qwen3-
32B at 7.48, demonstrating that our Data Engine
substantially enhances long-form text generation
capabilities in smaller models.

For the agent framework, CycleGen-Agent-
32B achieves 7.76, outperforming the reasoning-
enhanced Deepseek-R1 at 7.70 and ranking second
only to Claude-3.7-thinking at 7.91. This further
validates the effectiveness of graph-structured guid-
ance in raising the upper bound of long-form writ-
ing quality.

Results on LongGenBench. We evaluate agent
planning capabilities on LongGenBench, which re-
quires generating extremely long texts under strict
structural constraints. Table 2 shows the results.
CycleGen-Agent-32B achieves competitive per-
formance across all metrics. On range-based ac-
curacy, CycleGen-Agent-32B reaches 0.86, sub-



Languages Domains Requirements
Model ‘ Avg ‘ 0 EN ‘ DI D2 D3 D4 DS D6 |RI C R2 C R3 C
Proprietary LLMs
Claude-3.7-thinking 791 | 79 79 |79 78 78 80 80 81|79 87 80 84 80 81
Qwen-Max 716 | 7.2 7.1 71 69 70 73 74 75|72 83 73 78 72 15
GPT-40 6.81 | 6.9 6.7 68 66 67 68 70 71|69 80 70 75 68 638
Open-source LLMs
Deepseek-R1 (Guo et al., 2025) 7.70 | 8.0 75 |76 74 76 78 78 81|77 84 79 83 77 15
Deepseek-V3 (DeepSeek-Al et al., 2025) | 6.35 | 6.3 64 | 64 61 62 63 66 68|64 76 65 711 65 64
Qwen3-32B (Yang et al., 2025) 748 | 7.7 72 74 73 75 75 75 78176 82 75 83 75 13
Qwen3-8B (Yang et al., 2025) 6.65 | 6.8 6.5 6.7 67 66 64 69 68|67 72 68 79 65 6.7
Qwen2.5-72B (Qwen et al., 2025) 6.53 | 6.5 6.5 65 63 65 65 67 67|67 72 67 78 68 69
Capability-enhanced LLMs
LongWriter-7B (Bai et al., 2024) 6.27 | 6.2 64 | 64 64 63 60 65 60|63 74 63 67 63 68
Qwen-2.5-7B-filtered (Wu et al., 2025¢) 744 | 1.7 72 |74 72 15 73 77 17|75 84 76 81 74 72
CycleGen-8B(Ours) 757 | 74 74 |75 79 74 173 78 78 |77 80 75 85 74 15
Agent Framework
CycleGen-Agent-32B(Ours) | 776 | 7.8 77 |79 80 77 15 78 17|77 79 18 17 74 64

Table 1: WritingBench performance of different LLMs across 6 domains and 3 writing requirements evaluated with
our critic model (scale: 1-10). The six domains include: (D1) Academic & Engineering, (D2) Finance & Business,
(D3) Politics & Law, (D4) Literature & Art, (D5) Education, and (D6) Advertising & Marketing. The three writing
requirements assessed are: (R1) Style, (R2) Format, and (R3) Length. Here, “C” indicates category-specific score.

Model / Agent Framework Comp. Rate Acc. Once Acc. Range Acc. Periodic Avg. Acc.
Llama-3.1-70B-Instruct (Touvron et al., 2023) 0.79 0.50 0.51 0.18 0.39
GPT-40 0.63 0.47 0.45 0.20 0.37
Mixtral-8x7B-Instruct-v0.1 0.83 0.42 0.45 0.24 0.37
Qwen2-7B-Instruct 0.40 0.48 0.39 0.19 0.35
GPT-40-mini 0.97 0.42 0.34 0.18 0.31
Qwen3-8B 0.27 0.15 0.09 0.10 0.11
Llama-3.3-70B-Instruct + CogWriter (Wan et al., 2025) 1.00 0.76 0.79 0.55 0.70
GPT-40 + CogWriter (Wan et al., 2025) 0.91 0.80 0.76 0.67 0.74
CycleGen-Agent-32B(Ours) 0.96 0.85 0.86 0.53 0.75

Table 2: Agent capability evaluation on LongGenBench. We focus on comparing agent frameworks. The results
show that CYCLEGEN achieves higher control precision and task success rates in long-form text generation
compared to existing agent frameworks such as CogWriter.

stantially outperforming GPT-40 + CogWriter
at 0.76, demonstrating superior length control
through our structure-guided refinement mech-
anism. For single-shot instruction adherence,
CycleGen-Agent-32B achieves 0.85 compared to
0.76 for Llama-3.3-70B + CogWriter, validating
the effectiveness of our progressive alignment strat-
egy. Overall, CycleGen-Agent-32B attains an av-
erage accuracy of 0.75, exceeding existing agent
frameworks. Overall, these results indicate that
graph-based planning with Loop-Aware Refine-
ment provides more precise control than conven-
tional planning approaches.

Results on CycleBench. We further evaluate
model performance under highly complex con-
straints on CycleBench. Table 3 presents the re-
sults.

CycleGen-8B demonstrates strong long-range
logical consistency, achieving a Pass Rate of 0.50,
compared to 0.34 for the base Qwen3-8B and 0.46

for the larger Qwen3-32B. It also attains a higher
high-quality generation rate (Score > 8) of 0.56.
These results suggest that internalizing graph-based
planning into model parameters substantially im-
proves long-form text generation.

We further analyze agent-based variants.
CycleGen-Agent-32B (Refine) improves the Pass
Rate from 0.58 to 0.65, validating the effectiveness
of Loop-Aware Refinement in repairing logical
inconsistencies and strengthening cyclic closure in
generated texts.

5.3 Ablation Study

To quantify the contributions of different stages in
the CycleGen framework, we conducted an abla-
tion study. The results are presented in Table 4.

Effect of Progressive Alignment. Comparing
Rows (1) to (4), the impact of the three-stage align-
ment strategy can be observed:

» Stage 1 (GC-IPO): Introducing logical con-



Model | Pass Rate Score >6 Score>8 LS(%) LD(words) | Len.
LongWriter-7B 0.27 0.34 0.09 0.10 7,565 0.61
Qwen-2.5-7B-filtered 0.22 0.35 0.21 0.01 12,823 0.09
Qwen3-8B 0.34 0.38 0.20 0.17 6,388 0.70
Qwen3-32B 0.46 0.56 0.32 0.07 6,914 0.58
CycleGen-8B 0.50 0.84 0.56 0.11 6,581 0.59
Agent Framework

CycleGen-Agent-32B (Raw) 0.58 0.97 0.68 0.23 3,879 0.83
CycleGen-Agent-32B (Refine) 0.65 0.99 0.74 0.21 3,933 0.84

Table 3: Evaluation results on CycleBench. LS denotes the average length satisfaction rate, and LD represents the

average length deviation (in word count).

| Configuration | Pass Rate Score >6 Score >8 LS(%) LD(words)
(1) | CycleGenSFT 0.51 0.79 0.49 0.09 6,681
(2) | +Stage 1 0.53 0.86 0.42 0.17 6,547
(3) | + Stage?2 0.48 0.81 0.53 0.11 6,472
(4) | + Stage 3 0.50 0.84 0.56 0.11 6,581
5) ‘ MixDPO ‘ 0.55 0.70 0.46 0.18 6,873
(6) | CycleGen (Raw) 0.58 0.97 0.68 0.23 3,879
(7) | CycleGen (Refine) 0.65 0.99 0.74 0.21 3,933

Table 4: Ablation study analysis. We compare the contributions of each stage in the progressive training (Rows 2—4)
and contrast them with the mixed training strategy (Row 5). LS denotes the average length satisfaction rate, and LD

denotes the average length deviation in word count.

sistency constraints (Row 2) improves the
overall pass rate (Score > 6) from 0.79 to
0.86, indicating enhanced local coherence in
generated texts.

* Stage 2 (DPO): Adding strict length con-
straints (Row 3) reduces the average length
deviation rate (LS) from 0.17 to 0.11, while
the average length deviation (LD) decreases
to 6,472 words, demonstrating more precise
control over text length.

e Stage 3 (SimPQO): The final stage (Row
4), which optimizes quality preferences with
length normalization, maintains LS at 0.11
while increasing high-quality output (Score
> 8) to 0.56, achieving a balanced trade-off
among logical consistency, length, and qual-

ity.

Comparison with Mixed DPO Training. Com-
paring the progressive alignment strategy with
MixDPO (Row 5), where all data are trained in
a single-stage DPO, we observe that MixDPO
achieves moderate pass rates but underperforms
in high-quality generation (Score > 8) and length
control (LS 0.18 vs 0.11). This indicates that de-
coupling multi-objective optimization into stages
is more effective than end-to-end mixed training.

Impact of the Refinement Mechanism. In the
Agent setting (Rows 6 and 7), incorporating the Re-
finement mechanism increases the Pass Rate by 7
percentage points and improves high-quality scores.
This confirms that explicit loop-aware revision is
valuable for handling complex cyclic dependencies
in long-text generation.

6 Conclusion

This work tackles the fundamental tension between
the inherently linear decoding process of LLMs
and the circular logical dependencies common in
long-form text generation. We introduce Cycle-
Gen, a framework that explicitly models backward
dependencies via a cycle graph data engine, and
employs a progressive alignment strategy to miti-
gate multi-objective optimization challenges. To
comprehensively evaluate structured reasoning and
coherence in long narratives, we also release Cy-
cleBench, a benchmark for assessing bidirectional
logical consistency in long-form texts. Empirical
results demonstrate that CycleGen substantially
improves structural control and logical coherence
even in small parameter models, highlighting the
effectiveness of graph-guided generation and bidi-
rectional refinement for long-text writing.



Limitations

Despite its effectiveness, this study has several
limitations. First, while constructing a directed
acyclic graph enables maximal parallelism of logi-
cal dependencies, the LLM-driven verification and
iterative refinement steps incur substantial com-
putational overhead. Second, the current graph
modeling is restricted to chapter-level granularity,
leaving finer-grained intra-chapter dependencies
largely overlooked. Finally, the framework’s per-
formance is limited by the teacher model’s reason-
ing capabilities. Mistakes in causal relationship
identification during graph construction can propa-
gate into the synthesized training data. Future work
will aim to improve synthesis efficiency and extend
graph modeling to finer-grained textual hierarchies,
further enhancing the quality and consistency of
long-form text generation.
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A Appendix
A.1 CycleGen Data Synthesis Pipeline

Algorithm 1 CycleGen Data Synthesis Pipeline

Require: User instruction I, structured outline O
{v1,...,vn}, similarity threshold 7
Ensure: Preference pair (Vraw, Vrefined)
LV+O,E«0
2: E <+ EMBEDDING(O)
3: for all (v;,v;) € V x V do

4: sij < cos(e;, e;)
5: if s;; > 7 then
6: (u,v,w) < LLM-VERIFY (v;, v;)
7: if dependency exists then
8: E+ EU{(u—v,w)}
9: end if
10: end if
11: end for
12: G+ (V,E)
13: Ecut + MINFAS(G)
14: Gpag + (V,E\Ecut)
15: Initialize array Yy q. of size N
16: Batches <~ LAYEREDTOPOLOGICALSORT(Gpac)
17: for all batch € Batches do
18: parallel for v; € batch do
19: C; < RETRIEVER (Predecessorsgp, 4 (Vi), YVraw)
20: Yi < LLI\/I—C}EN(I7 Vi, C»L)
21: Vrawli] < yi
22: end parallel
23: end for
24: yrefined — yra,w
25: for all (v; — v;) € Ecyt do

(yiv y;) — LLM_REFINE(y'ref'Lned[iL yrefined[j])
yrefined[i] — y:

yrefined[.j] — y;

: end for

: return (yraum yrefined)

Algorithm 1 summarizes how CycleGen con-
structs preference pairs by detecting logical depen-
dencies in an outline, enabling paralle]l DAG-based
generation, and subsequently refining broken cyclic
relations to restore global coherence.

A.2 Prompt Design Details

QOutline

You are a professional structure planning and content architecture expert
- User requirement: {query}
- Total word count limit: {word_count}
- Style: {style}
1. Output format:

- Output only the outline in Markdown.

- Do not include explanations or any non-outline content.

- Each heading must be immediately followed by a paragraph summary on
a new line, enclosed in parentheses.

- The main title is not part of the heading hierarchy.
2. Structure:

- Determine the number of level-1 headings dynamically according to
word count and style; each should form a complete logical unit.

- Use only the necessary heading depth to clearly express the logic.

- Ensure the structure reasonably fits within the total word count.
3. Content:

- Every heading must include a summary capturing its core logic.

- The outline should be complete, clear, and minimally layered.

- If no word count is specified, generate a reasonably sized outline.

- Strictly use the language specified in the user’ s requirements.

Figure 4: Generate Outline prompt.

Figure 4 shows the outline-generation prompt,
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which guides the model to produce a coherent,
multi-level global structure rather than detailed
text.

Task

You are a senior content architect and writing task planning expert.
Rules:
The output must be a JSON list, where each element corresponds to one level-1
heading task block of the article.
Each task block must strictly contain the following fields (and be filled according
to the meanings below):
- "article_title": the overall title of the article
- "title": the level-1 heading corresponding to this task block; it may be empty
- "subtitles”: the list of subheadings under this level-1 heading
- "length_limit": the word-count limit for this section
- "style": the writing style requirements
- "notes": special instructions or additional requirements for writing this
section
prompts, or wrapper text.
The input information has the following structure:
- User requirement: {query}
- Outline: {outline}
- Total word count limit: {word_count}
- Writing style: {style}

Figure 5: Generate Task prompt.

Figure 5 presents the task-generation prompt that
maps the global outline into chapter-level writing
objectives aligned with the overall plan.

Judge

You will determine the logical dependency relationship between two chapter
nodes:

Node A:

- Title: "{title_i}"

- Summary: "{summary_i}"

Node B:

- Title: "{title_j}"

- Summary: "{summary_j}"

Their known similarity is: {sim:.4f} (this can help with the judgment but is not
the only basis).

1. If the content of node A is the premise of node B, output "i_to_j".

2. If the content of node B is the premise of node A, output "j_to_i".

3. If the two are logically related and suitable for subsequent refinement
between the two chapters, output "both".

4. If there is no obvious logical dependency, output "none".
Requirements:

- Output strictly in JSON format:

{{"direction": "i_to_j/j_to_i/both/none", "reason": "brief explanation of the
logical relationship™}}

Figure 6: Judge prompt.

Figure 6 illustrates the judge prompt used to
infer directed dependency or refinement relations
between chapter plans for graph construction.

Generate

You are to generate the complete markdown body for this chapter based on
the following information:

- Outline: {outline}

- Writing style: {style}

- Summary of content already generated: {previous_contents}

- Chapter title: {title}

- Subheadings to include: {subtitles}

- Summary of this chapter: {notes}

- Chapter length: at least {length_limit} words, at most {length_limit} * 1.05
words

Requirements:

1. Output only the final complete markdown body of this chapter "{title}",
and do not output any additional content.

2. Strictly organize the content according to the length requirement of about
{length_limit} words and the specified writing style: {style}.

Figure 7: Generate Chapter prompt.

Figures 7 and 8 depict the chapter generation
and refinement prompts, which respectively pro-
duce draft content conditioned on predecessors and
revise cyclically related chapters to improve global
coherence.



Refine

You will perform precise relationship refinement on two chapter texts so that
their logical dependency and reference relationships become clearer.

The input includes:

Relationship direction: {direction}; Reason for judgment: {reason}

Chapter A (id={i}): {text_i}; Chapter B (id={j}): {text_j}

Higher-level context (for alignment and continuity reference only; must not
be copied verbatim):

Parent of A: {prev_i}; Parent of B: {prev_j}

Task requirements:

Without changing the original meaning, supplement connecting sentences,
premise statements, and relational descriptions so that A and B are logically
consistent and mutually readable.When the direction is j_to_i, prioritize
making B's role as support/foundation/premise for A explicit; when it is both,
emphasize bidirectional reference and mutual corroboration.

Nothing may be output outside the JSON. Strictly generate in the language
provided by the user.

Output example (format illustration):

{"A_new": "...", "B_new": "..."}}

Figure 8: Refine Chapter prompt.

A.3 Additional Experimental Analysis

As illustrated in Figure 9, CYCLEGEN achieves
consistent improvements over baseline models
across almost evaluation dimensions on Writing-
Bench, indicating the robustness of the proposed
framework.

--m- GPT-40 —e - DeepSeek-R1
=»=- Qwen3-8B =@ CycleGen-8B (Ours) --¥- Claude-3.7 o1-preview
—a - Qwen3-32B —— CycleGen-Agent-32B (Ours) —-' DeepSeek-V3 —— CycleGen-Agent-32B (Ours)

Figure 9: Radar chart comparison of CYCLEGEN mod-
els across different dimensions on WritingBench. The
left panel compares against open-source Qwen models,
while the right panel compares against closed-source
SOTA models.
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